ABSTRACT In the last decade, as an emerging technique for business processes management, process mining (PM) has been applied in many domains, including manufacturing, supply-chain, government, healthcare, and software engineering. Particularly in healthcare, where most processes are complex, variable, dynamic, and multi-disciplinary in nature, the application of this technique is growing yet challenging. Several literature reviews, as secondary studies, reveal the state of PM applications in healthcare from different perspectives, such as clinical pathways, oncology processes, and hospital management. In this article, we present the results of a systematic mapping (SM) study which we conducted to structure the information available in the primary studies. SM is a well-accepted method to identify and categorize research literature, in which the number of primary studies is rapidly growing. We searched for studies between 2005 and 2017 in the electronic digital libraries of scientific literature, and identified 172 studies out of the 2428 initially found on the topic of PM in healthcare. We created a concept map based on the information provided by the primary studies and classified these studies according to a number of attributes including the types of research and contribution, application context, healthcare specialty, mining activity, process modeling type and notation/language, and mining algorithm. We also reported the demographics and bibliometrics trends in this domain; namely, publication volume, top-cited papers, most contributing researchers and countries, and top venues. The results of mapping showed that, despite the healthcare data and technique related challenges, the field is rapidly growing and open for further research and practice. The researchers who are interested in the field could use the results to elicit opportunities for further research. The practitioners who are considering applications of PM, on the other hand, could observe the most common aims and specialties that PM techniques are applied.
I. INTRODUCTION
Being heavily human-oriented and knowledge-intensive, healthcare processes and their management have a direct impact on the quality of healthcare services and related costs [1] . The complex, variable, dynamic and multidisciplinary nature of healthcare makes process management in this domain a challenging task that should be addressed only with the right tools and techniques [2] . Process mining (PM), as a relatively young discipline for business process management, has become increasingly popular in the last decade [3] and has been applied in various domains including manufacturing, supply-chain, government, healthcare, and software engineering [4] - [6] . PM is primarily utilized in the discovery, conformance checking, and enhancement of business processes based on event logs [7] . In the healthcare domain, the application of this technique is promising due to the growing number of reported studies, yet remains challenging [8] .
In cases where the number of primary studies (e.g., experience reports) in a specific area is rapidly and significantly growing, it is useful to summarize the body of knowledge by undertaking secondary study (e.g., literature review) to identify opportunities for further research [9] . A secondary study aggregates and synthesizes the content of primary studies based on a specific purpose [10] . Several literature reviews have revealed the state of PM applications in the healthcare domain in general [11] - [13] or from specific perspectives, such as clinical pathways [14] and oncology processes [15] . However, none of these secondary studies provides an extensive and aggregated map on the topic of PM in healthcare to structure the information available in the literature and highlight opportunities for further research and practice.
Based on the gap stated above, in this article, we present the results of secondary study we performed by applying systematic mapping (SM) [9] as research methodology. We searched manually for the studies published between 2005 and 2017 in the following electronic digital libraries of scientific literature (in alphabetical order): ACM, Google Scholar, Emerald, IEEE Explore, Pubmed, ScienceDirect, Scopus, SpringerLink, Web of Science, and Wiley. Of the 2428 publications found in the area, 172 were selected for a thorough review. We systematically developed a concept map of the information provided by primary studies on PM applications in healthcare and then used this map to classify the studies based on a number of attributes; namely, the types of research and contribution, application context, mining activity, process modeling type and notation, and mining algorithm. To the best of our knowledge, this is the only systematic mapping study that provides a broad and general overview of the studies on this topic. More specifically, the main contributions of this research are:
• A general classification scheme that structures the field of research on PM applications in healthcare,
• A systematic map of 172 primary studies based on the classification scheme,
• An analysis of the demographic trends and bibliometrics of the primary studies, and
• An analysis of the results, challenges, and opportunities of the field for further research and practice. The remaining of this article is organized as follows: Section 2 summarizes the background on PM and the related works that have reviewed the applications of this technique in the healthcare domain. Section 3 overviews the research design of the current systematic mapping study by presenting research questions, details about publication selection process, and potential threats to the validity of this research. Section 4 describes the classification scheme developed iteratively to analyze and categorize the selected primary studies. Section 5 presents the results of the current research in relation to the formulated questions. Section 6 includes a summary of our findings together with related challenges. Finally, Section 7 concludes the article by providing overall results and plans for future work.
II. PROCESS MINING AND RELATED WORKS A. OVERVIEW OF PROCESS MINING
PM is a process management technique that exploits event data on information systems. In the last decade, this technique has been increasingly used for business process management [3] . It can be considered as an analysis technique for data mining and machine learning on one side and process modeling on the other. PM is applied for three main aims [7] ; i) process discovery, ii) conformance checking of process implementations according to the discovered/modeled process, and iii) enhancement of process by detecting the differences in process implementations.
Various automations of information systems store detailed information about the identity and sequence of actual activities performed during the execution of business processes [3] ; e.g., business process management, enterprise resource planning, product data management and capacity requirement planning systems. This information is called event logs which is the starting point of PM [7] . In these logs, each event symbolizes one activity and each activity is a part of a process. Event logs store detailed information on events concerning the source; i.e., the person or tool that started and performed the activity, the starting and finishing time of the activity, and the data element; e.g., type, size, and comments.
Process discovery is the most important activity of the PM since it provides a base for further analyses involving the application of the remaining two types of PM, conformance checking and enhancement. In process discovery, event logs are used as input and a process model is set up without prior information [7] . When an actual process is created from event logs, many organizations can face challenges due to the differences in theory and implementation. The algorithms that are widely used for process discovery include Alpha Miner, Heuristic Miner, and Fuzzy Miner [5] .
In conformance checking, the process model and its flow discovered from the event logs are analyzed and it is checked whether the process has been carried out as identified in the model [7] . Conformance checking measures the differences between the performed process and the process model specifications. The main aim of this process is to identify the areas that need improvement using the information gained from the actual process.
Process enhancement is the improvement of the process model based on event data. This can be undertaken by adding further data perspectives to the process model using event data, a process also known as extension. Another type of enhancement is repair, in which the quality of the process model is improved using event data and a new repaired model is defined [16] .
In the PM technique, there are four perspectives; controlflow, organizational, case, and time [7] . These perspectives are not isolated and are all related to each other. The controlflow perspective focuses on the sequences of activities and the discovery of the process model and aims to find the best definitions for all possible paths. The results are represented by petri net [17] and BPMN [18] . The organizational perspective concerns the actors (human, system, and role) and the relations between these actors to classify the process model based on roles and organization. The case perspective focuses on the definition of cases and the factors which influence the real data. The time perspective is concerned with the occurrence time and frequencies of events and helps identify bottlenecks, measure service levels, track the use of resources, and predict the remaining time for ongoing events.
Various software products have PM capabilities [5] , e.g., ARIS Process Performance Manager (Software AG) [19] , Disco (Fluxicon) [20] , ProM (TU/e) [21] , PALIA-ER [22] , CELONIS [23] , and pMineR [24] . ProM [21] is basic PM tool, which provides a standard environment incorporating a generic open-source framework for implementing PM techniques. Disco [20] is a popular PM toolkit, which is powerful, easy-to-use, and fast. The revolutionary commercial PM technology in Disco helps researchers to create visual maps from process data in minutes.
B. RELATED WORKS
Although, PM has the potential to offer many advantages to healthcare professionals [8] , to date, only a limited number of studies have reviewed the evidence on PM applications in analyzing and improving healthcare processes. We found nine secondary studies that reviewed primary studies in this area. Table 1 presents a list of these secondary studies (our study shown in the last row) including the type and title of the study, number of primary studies involved, and publication year.
Kaymak et al. [26] discussed the lack of suitability of the PM techniques for analyzing healthcare processes and examined researchers' experience on the potential use of PM methods.
They argued that the existing methods failed to identify good process models and provided a number of recommendations for applying the PM techniques. Yang and Su [14] reviewed 37 primary studies on PM for clinical pathways, specifically for the purposes of process discovery for clinical pathways design, variants analysis and control, and continuous evaluation and improvement. The authors analyzed the weaknesses of these studies, highlighted many challenges of the PM techniques in a medical environment, and suggested four areas of improvement: variants identification and analysis, customization of clinical pathways, self-learning improvement of clinical pathways, and integrated medical process management. Mans et al. [11] identified 40 primary studies that included real-life PM applications and categorized these studies based on their focus on process discovery or conformance checking. They gave examples of healthcare contexts with regard to the use of these two types of PM activities. In contrast to previous published works, Mans et al. structured a comprehensive overview of healthcare data as a healthcare reference model comprising together with a list of data quality issues. The authors also evaluated research gaps and challenges in the application of existing PM methods to the healthcare domain. Rojas et al. [12] extended their bibliographic survey [27] by conducting a literature review on the use of PM techniques in healthcare with the primary focus being on the healthcare process rather than clinical pathways.
They reported the main characteristics of the reviewed studies and the emerging topics of the field. Ghasemi and Amyot [13] conducted a systematised literature survey which provides an overview of the status of PM in healthcare, and provided initial results from the search process of the systematic review. The authors identified 168 primary studies after deleting duplicates and did not explicitly specify inclusion and exclusion criteria for eliminating the primary studies. Kurniati et al. [15] reviewed 37 primary studies that applied PM techniques in oncology through a bibliographic survey. They classified limitations with regard to the use of PM techniques in oncology as: data, technique, and team.
Our study makes contributions over secondary studies listed in Table 1 in that it presents up-to-date state and maturity of research in the field based on a classification including a comprehensive set of attributes that were elicited from a large number of primary studies. We reviewed 172 studies and mapped their content based on the classification scheme we developed iteratively during the review process. This study is therefore generic and not specific to healthcare specialty or healthcare context, with an aim to enable derivation of an extensive classification scheme which would serve as reference to structure the information available in the primary studies. It is also an extension over our previous work [28] in which we had focused only on applications of PM for conformance verification studies in healthcare.
III. RESEARCH DESIGN
We applied systematic mapping as the research methodology. SM is a well-accepted method in software engineering to identify and categorize research literature, especially where the number of primary studies is increasingly growing [9] . The SM method requires an established search protocol and rigorous inclusion and exclusion criteria for the screening and selection of relevant publications. It focuses on systematically developing a classification scheme and using it to classify the content of the selected studies. Typically, the results of an SM study show the frequencies of the selected studies within the classification scheme with respect to the investigated concepts, which allows identifying trends, weaknesses, and opportunities in the research area of concern. Consequently, we found that many of its steps were also useful in the multi-disciplinary area of process mining for healthcare. 1 presents the SM process used in this study as derived from the guidelines and process proposed by Petersen et al. [9] . Our process consists of the following steps:
• Defining research questions (RQs), • Defining search query and searching for papers, • Screening the retrieved papers, which results in a set of relevant papers,
• Keyword extraction from abstracts, which results in a classification scheme,
• Data extraction and SM. The process started with defining the research questions and search query. After searching the queries in 10 digital libraries, reviewing the relevant websites, and using snowballing techniques, we gathered 2428 potentially relevant publications. Snowballing techniques are used to identify additional relevant articles through the reference lists of the articles found [29] . For screening the retrieved studies, we developed and applied inclusion/exclusion criteria and obtained a final pool of 172 studies. Then, a classification scheme was iteratively created to categorize the selected studies by keyword extraction from abstracts and full texts. After extracting the data from the studies, the results of SM were analyzed.
The remainder of this section concerns the research questions, paper selection process, and potential threats to validity.
A. RESEARCH QUESTIONS
The aim of this systematic mapping study was to identify, analyze and synthesize the quantity, type, and results of PM research in the healthcare domain. Thus, we set two main goals related to our research: 1) To systematically review the related scientific papers in the field for mapping and 2) to present bibliometrics and demographic analysis of the field. These goals led to the definition of the following research questions (RQ 1 and RQ2) which were then elaborated with a number of sub-questions:
RQ1 RQ1. 4 Healthcare Specialty: In which specialty was the study carried out? Which healthcare specialty was subject to more attention? The healthcare specialty may be a medical treatment process, such as skin cancer treatment or organizational healthcare process; e.g., general surgery, outpatient, and emergency department processes.
RQ1.5 Type of Process Mining Activity:
What was the type of PM activity applied; e.g., process discovery, process conformance checking, or process enhancement? There are also other PM activities such as process variant analysis, performance analysis, outlier detection, and predictive monitoring, which can be used for further analysis.
RQ1.6 Process Modeling Type:
How was the process model created? We expect that some studies create a process model manually, some discover it automatically using PM techniques, and others use a combination of the two.
RQ1 
B. PUBLICATION SELECTION PROCESS
The literature search was performed for the studies that were published in academic journals and conference proceedings from 2005 to 2017 and available in the digital libraries of (in alphabetical order) ACM, Emerald, IEEE Explore, Pubmed, ScienceDirect, Scopus, SpringerLink, Web of Science, and Wiley. In order to select the relevant papers, we used the following final query: (''process mining'' OR ''workflow mining'') AND (''health'' OR ''care'' OR ''healthcare'' OR ''hospital'' OR ''clinic'' OR ''clinical'' OR ''pathways''). We identified these keywords by both focusing on healthcare processes and clinical pathways for process mining, and also used word embedding techniques. When we checked other phrases like sequential pattern mining, temporal data mining, and care flow mining, there was no effect on the search results. Table 2 shows the number of studies that were initially retrieved, initially selected, and uniquely selected from the digital libraries for search keywords. To ensure the inclusion of all the relevant studies, after searching the digital libraries, we investigated the following sources:
• References of papers already included in the pool using the backward and forward snowballing methods [29] ,
• ResearchGate web pages of researchers,
• Three specific websites (processmining.org, processmining4healthcare.org and bpmcenter.org),
• Top venues as elicited from published papers. We recorded the source of each paper (digital library name, website, or snowballing) in an Excel sheet to manage and improve the search process. The initial search and data extraction were undertaken by the first author and then selectively reviewed by the second author to ensure that the research process was followed correctly. Based on the review feedback from the second author, the steps and outputs of search and data extraction processes were refined.
Of the 2428 studies that were initially gathered, 447 were considered relevant to our purpose. Fifty-nine papers were extracted from the repository of the Health Analytics by Process Mining Group from the Eindhoven University of Technology and four studies were added using the snowballing method. As a result, after eliminating the duplicates, 172 studies were selected (163 from digital libraries, additional four from processmining.org, another one from processmining4health-care.org, and four from snowballing) for a thorough analysis. The exclusion criteria were: (i) publication language being other than English; (ii) full-text not being available; (iii) books and theses; and (iv) duplicate results from different search methods.
C. POTENTIAL THREATS TO VALIDITY
We systematically identified and addressed potential threats to four types of validity of our research based on the guidelines of systematic literature review and mapping studies [9] , [31] and below, we describe the steps that we took to minimize or mitigate these threats as adopted from [32] .
1) INTERNAL VALIDITY
Limitation of search terms and search engines can lead to an incomplete set of primary sources. In order to mitigate the VOLUME 6, 2018 risk of finding irrelevant studies, search was undertaken using defined keywords, followed by a manual search among the references in the initial pool and the ResearchGate pages of most contributing researchers in the field of study. To minimize threats that may result from search engines, we not only included comprehensive academic databases, such as Google Scholar and Pubmed but also searched special active venues and webpages related to PM. We recorded in an Excel sheet each paper found with its source. In cases where several sources returned the same paper, all sources were noted. Therefore, we believe that an adequate and inclusive basis was established for this study and if there was any missing publication, the rate would be negligible.
2) CONSTRUCT VALIDITY
In this study, threats related to this type of validity concerned the suitability of RQs and the categorization scheme used for data extraction. The research questions were specifically designed for the defined goal and different aspects of PM in healthcare. The questions were systematically answered according to a categorization scheme and finalized through several iterative improvement processes. In addition, we consulted two medical professionals when grouping healthcare specialties.
3) CONCLUSION VALIDITY
In order to ensure the reliability of our treatments, the entire pool of primary sources was analyzed and the data were reviewed, extracted, and synthesized by the first author in iterations according to a research protocol, and the whole process and all selected outputs were reviewed by the second author. In addition, following the guidelines of a systematic mapping approach and procedure ensured replicability of this study and that the results would not significantly deviate from those of other similar studies.
4) EXTERNAL VALIDITY
Defining search terms in the source selection approach resulted in obtaining only primary sources written in English language. However, the main issue concerns whether the selected works represent all types of literature in the area of study, and we consider that the relevant studies collected in the study pool contained sufficient information to represent the entire related literature.
IV. CLASSIFICATION SCHEME
To conduct systematic mapping, a stable classification scheme needs to be derived. Table 3 shows the research questions, attributes of concern for each RQ, and possible types and descriptions of each attribute as iteratively elicited from the selected studies.
As discussed by Petersen et al. [30] , a research facet denotes the type of research approach used in each paper. This corresponds to RQ1.1 in this study. We adopted the following research facets: solution proposal, validation research, evaluation research, and experience papers. Publications that present a solution proposal and its simple example are categorized as solution proposal papers. The papers that contain validation sections with a weak empirical study are considered as validation research. If the proposed technique in a study is extensively evaluated using empirical methods (e.g., case study, comparison of existing methods) and its advantages and disadvantages are discussed, it is categorized as evaluation research. Papers that report only applications or experiences in practice are called experience papers.
RQ1.2 concerns the contribution type attribute, which denotes the type of contribution(s) proposed in each paper and can be one of the following: method/technique, tool, model, metric, process, or other [30] . For example, some studies presented new techniques, some proposed process for applying existing PM techniques, and others applied existing PM techniques to healthcare in a case study. Accordingly, we adopted the contribution facet attributes of method, tool, model, metric (similarity/distance), process, or empirical results (e.g., a case study). RQ 1.3 is related to the application context of the PM studies considering several aspects, such as healthcare process, clinical pathway, single/multiple department(s), and single/multiple hospital(s). RQ 1.4 is about the healthcare specialty, which denotes the name of healthcare process or clinical pathway. We extracted the name(s) of healthcare process(es), disease(s) or department(s) that were analyzed in each paper using PM techniques. These groups were reviewed by two medical professionals and revised when necessary. RQ 1.5 concerns the type of PM activity; in particular, the PM activities of process discovery, conformance checking and enhancement in addition to some other activities including process variant analysis, performance analysis, predictive monitoring, and outlier detection. RQ 1.6 is about the process modeling type, which can have one of the following values: defined manually with a modeling notation/language, automatically discovered using PM techniques, created manually after having been discovered by PM techniques, or not specified. This sub-RQ investigates how process model is obtained using PM techniques.
The modeling notation/language attribute corresponds to RQ1.7 that questions the modeling notation of healthcare process, which can be BPMN, flowchart, UML diagrams (state, class or activity diagrams), or formal process model such as petri net, heuristics net, fuzzy model, or declare model.
To answer RQ 1.8, we extracted the names of the process discovery, process conformance and process enhancement techniques used in each paper. We also extracted the names of the other PM techniques which were used to analyze healthcare data from several aspects, such as performance, data quality and data visualization, and by combinations of the PM techniques to obtain better results in the healthcare domain. RQ 1.9 is related to the clustering techniques, which are used to cluster a healthcare process before applying the PM techniques. We elicited the names of the clustering techniques as well as the related ProM plugins. The trends and demographics attribute regarding the types defined by RQs 2.1 to 2.5 relate to the demographic and bibliometric information of papers and include the year, number of citations, most contributing researchers and countries, and top venues (i.e., journals and conferences).
V. SYSTEMATIC MAPPING RESULTS
In this section, we present and discuss the results of the systematic mapping study in relation to RQ1 and RQ2. All papers included in systematic mapping are shared in a publicly accessible repository: https://goo.gl/fC5Ddw
A. RQ1 SYSTEMATIC MAPPING 1) TYPES OF STUDIES BY RESEARCH TYPE Fig. 2 shows the distribution of research types of all 172 studies. The majority of the studies (58%; n = 98) were categorized as validation research, followed by experience papers (27%, n = 47), solution proposals (13%, n = 23), and evaluation research (2%, n = 4). Considering research content, validation research papers take the lead in terms of the number of studies. This shows the empirical maturity of research interest, and implies the need for stronger empirical studies for evaluation of PM techniques in healthcare. Fig. 3 shows the distribution of the selected papers by contribution type. Most researchers (68 studies in total) proposed a new method to deal with the complex nature of healthcare event data. This demonstrates the need for new solutions, such as algorithms, techniques, and approaches in this particular research area. The types of method proposals were data quality assessment and data visualization techniques or a combination of PM and other techniques. In addition, we observed that the number of developed tools, defined metrics and models was low while that of defined processes was high.
2) RQ1.2 TYPES OF STUDIES BY CONTRIBUTION TYPE
Relatively low number of tools can be attributed to a variety of features accessible by publicly available tools (e.g., ProM); however, implementing tools, defining metrics and models for specific purposes are among areas that are open to further research.
There were 14 articles that made two different types of contribution: [25] , [66] , [70] , [73] , [82] , [83] , [93] , [94] , [98] , [108] , [110] , [117] , [125] , [174] . For example, study [70] contributed both context group learning algorithm as a new method and a context learning framework as a new process. In another study [66] , the authors implemented a tool based on a metric they proposed. We also conducted a cross analysis on papers by research type versus contribution type. Fig. 4 shows twox-y scatterplots with the number of papers in category intersections. Most papers that contributed a process or method were validated with a case study. For example, for the validation research category, there were 33 papers that validated the proposed process with a case study. In another example, six out of 17 tools were proposed only as a solution and 11 out of 17 tools were implemented, and their applicability was demonstrated using the process logs of hospital data. This analysis denotes that the majority of researchers (in 59 studies) contributed a new and inadequately validated method or reported empirical results based on their experience with existing proposals (in 47 studies).
3) RQ1.3 APPLICATION CONTEXT
To examine the application context that received more attention from researchers, we focused on two healthcare processes to which PM techniques had been applied; namely, healthcare process and clinical pathways. The majority of researchers (93 studies) used the healthcare process rather than clinical pathways (59 studies) as shown in Fig. 5 . We also examined the PM application context in terms of different levels used; i.e., departmental and organizational, and found that most studies analyzed a single department or a single hospital rather than multiple departments or hospitals; i.e., most applications had a narrower scope. This can be attributed to the problems of data integration, data availability, data confidentially, or different physical locations. Based on these results, we consider that application of PM techniques to clinical pathways and multiple departments or hospitals is an important challenge that needs to be addressed. Fig. 6 shows a cross-analysis of healthcare process and clinical pathways with respect to department or hospital level with x-y scatterplots with the number of papers shown in the category intersections. The majority of the application context was healthcare process in a single department (n=76) and a single hospital (n=85). It was followed by applications to clinical pathways in a single department (n=46) and a single hospital (n=42). Applications to healthcare process or clinical pathways in multiple departments or hospitals, on the other hand, were scarce.
4) RQ1.4 HEALTHCARE SPECIALTY
We identified and classified studies according to the healthcare specialty by holding discussions with two medical experts. Fig. 7 provides the distribution of the number of papers among 21 healthcare specialties. This distribution indicates that PM was applied to almost all healthcare specialties with the primary areas being oncology, surgery, emergency department, neurological diseases, and cardiovascular diseases. Among these, oncology was most studied probably because this process has well-defined steps and requires following rigid medical protocols. Nevertheless, it is clear from the figure that PM can be applied for various specialties with a wide range of clinical datasets.
Some of the papers were classified under more than one specialty. For example, in studies [41] and [185] , the authors presented the tool they developed using data from pediatric emergency department patients with a primary diagnosis of asthma as a respiratory disease. The study [133] focused on the gynecological oncology department process and investigated the use of a specific treatment/drug. In another study [92] , the authors proposed a new method and evaluated it with real-world data collected in relation to four specific diseases; bronchial lung cancer, colon cancer, gastric cancer, and cerebral infarction. Thus, we classified this study under the specialties of both oncology and neurological disease (cerebral infarction). In several publications PM was used to explore the behavior of nurses and doctors and relations between them (classified under ''other'' category in Fig. 7) , which is an example to model role-based processes from organizational perspectives.
5) RQ1.5 TYPE OF PROCESS MINING ACTIVITIES
Taking into consideration the PM implementations reported in the selected papers, we defined other PM activities such as process variant analysis, performance analysis, outlier detection, and predictive monitoring in addition to process discovery, conformance checking, and enhancement. The distribution of the number of studies for all PM activities as elicited from the papers is shown in Fig. 8 . Most researchers (n = 155) applied PM to discover a healthcare process and only few (n = 21) used PM for the enhancement of a healthcare process. The authors mostly tended to analyze process variants or perform performance analyses to define areas of opportunity for process enhancement. Since PM techniques are emerging and process discovery is the basis for other types of activities, there was a higher number of studies that applied PM for discovery purposes. Fig. 8 presents the types of PM activities used in the selected studies. In this figure, the activities in the lower part need to be more frequently addressed so that PM can be used for decision-making and operational support. Fig. 9 shows cross-analysis of PM activity types with respect to contribution type (on the left) and research type (on the right) with two x-y scatterplots with the number of papers shown in the category intersections. The majority of papers that contributed a new method (n = 58) focused on process discovery. In 88 papers, researchers validated their contribution to process discovery. In Fig. 9 , the smaller circles show the research areas open to exploration; e.g., there is no tool, process or metric for predictive monitoring. The bigger circles indicate the research areas that have been frequently addressed and therefore are more likely to reach saturation.
6) RQ1.6 & RQ 1.7 PROCESS MODELING TYPE AND MODELING NOTATION
The type of process modeling notation has an influence on the discovery of the process and can change the outcomes.
Through this systematic mapping analysis, we investigated modeling notations that are preferred to model healthcare processes, and grouped modeling types as manually discovered, automatically discovered, or created manually after being discovered by PM techniques. Fig. 10 shows an analysis of modeling notations versus modeling types by the number of papers. The figure indicates that there are many notations and languages that can be used according to needs. The mostly used process modeling notation was heuristic net [4] (n = 22), and all process models using this notation were discovered automatically. The other popular notations were petri net [17] , fuzzy model [197] , and declare model [16] . There were many newly proposed notations to visualize healthcare processes, some of which were reported to perform better than the existing ones. BPMN [18] , flowchart [198] , and UML diagrams [199] (class and activity diagrams) were mostly used to manually define healthcare processes.
7) RQ1.8 PROCESS MINING TECHNIQUES a: PROCESS DISCOVERY TECHNIQUES
A process is considered as being successfully discovered if it accurately reflects the behaviors of the real process. In discovery, it is necessary to establish a balance between four criteria; fitness, simplicity, precision, and generality [7] . Fitness is the ability of the model to explain an observed behavior. Simplicity means that the discovered process model should be as simple as possible. Precision is avoiding under-fitting, which means preventing any behavior that is not related to the event data and generality is avoiding over-fitting, which means the discovered model should generalize the example behavior seen in the event log.
The PM discovery techniques used in the selected papers are outlined in Table 4 . The most commonly used process discovery techniques were Heuristic Miner [200] , Fuzzy Miner [197] , and Alpha Algorithm [7] . Heuristic miner, as the second frequently used PM algorithm, follows the alpha algorithm and takes into account the frequencies and causal dependencies by considering the dependency measure [200] . It can abstract from exceptional behavior, and therefore is also suitable for many real-life logs. Fuzzy miner is one of the younger process discovery algorithms and uses significance/correlation metrics to interactively simplify the 24552 VOLUME 6, 2018 process model at desired level of abstraction. Disco software, for example, is based on a fuzzy miner technique. Using this tool, researchers can create visual maps from a healthcare process in minutes in a very practical manner and replay an event log on the model. Fuzzy model has also seamless simplification, which allows researchers to replace mainstream or exceptional cases with either normal behavior or a behavior that is very rare. Alpha miner, is the first and simplest mining algorithm, creates petri nets from the discovered model [7] . Many techniques utilize these petri net models as input for other types of PM activities. Among these three techniques, heuristic miner and fuzzy miner are more preferred by researchers because they deal with noise and exceptions better and allow users to focus on the main process flow rather than details of behavior.
Inductive miner is another powerful PM technique and has slider functionality by which to remove activities and paths that are infrequent [201] . It is possible to determine how frequently certain arcs are being taken and to animate replaying event logs on the discovered model in order to identify delays, deviations, bottlenecks, or other problems. Interestingly, this mining technique was used for healthcare process in only four of the primary studies.
b: PROCESS CONFORMANCE TECHNIQUES
In conformance checking, a log and a model are used to provide diagnostics and quantify the differences between the modeled and observed behaviors. The aim of this process is to determine the most frequent deviations, why they occur, whether they can be predicted, and whether the model or event log is wrong.
The PM process conformance checking techniques used in the selected papers are outlined in Table 5 . These papers presented many newly proposed techniques for measuring the differences between process executions and process models. The mostly used PM techniques are LTL Checker, Replay a Log on Petri Net, Conformance Checker, and Trace Alignment. The variety in the techniques used implies that there is no standard technique adopted for conformance checking.
c: PROCESS ENHANCEMENT TECHNIQUES
In process enhancement, a log and an initial model are used to repair, enrich or extend the model with additional information. The PM process enhancement techniques used in the reviewed papers are outlined in Table 6 . Most researchers either used simulation techniques for enhancing a process model or proposed a new technique. As additional information, they utilized timestamps (based on extended declare maps containing time information) or performancerelated information (performance analysis with petri net) to extend the model [62] .
d: OTHER PM TECHNIQUES
Other PM techniques used in the reviewed literature to analyze healthcare processes are outlined in Table 7 . The mostly used techniques were dotted chart, performance analysis with petri net, and performance sequence diagrams. Dotted chart is a data visualization technique, in which every event is 24554 VOLUME 6, 2018 represented by a dot to provide a helicopter view of all the events [130] . Its usage can provide many interesting insights of the process before building process model because event data has more information, such as timing and resources, than control flow. Performance analysis with petri net involves replaying event logs on the discovered healthcare petri net process models [202] . Performance sequence diagram is used to generate process variants [21] . In order to overcome performance-related problems, healthcare data can be converted to different levels of abstraction using pattern abstraction or the PH-specific plugin in ProM. In addition, the timestamp issue detector plugin in ProM can be used to detect and analyze duplicate timestamps, differences in accuracy, or outlier [144] . VOLUME 6, 2018 
8) RQ1.9 CLUSTERING TECHNIQUES
Clustering algorithms for mining healthcare processes have become increasingly popular [98] , [130] and used to reduce spaghetti effect on the analysis. Clustering can be considered as a data pre-processing technique among the steps of PM analysis.
Complex and big healthcare data sets are divided into similar sub-sets by filtering outliers or identifying main process. Table 8 presents the various clustering techniques used or adopted for healthcare processes in the reviewed studies. The most commonly used techniques were found to be trace clustering, k-means clustering, and hierarchical clustering. Trace clustering is splitting event logs into homogeneous subsets and creating a process model for each subset. This approach was implemented in a plugin, which contains several clustering algorithms, such as k-means, self-organizing maps, and agglomerative clustering and is used for complex and diverse event data like healthcare process data [98] . K-means clustering, hierarchical clustering and other algorithms are also available in WEKA, a data mining tool adopted by various researchers. Five of the reviewed studies [42] , [57] , [91] , [94] , [103] proposed new clustering algorithms based on newly developed similarity or distance metrics.
B. TRENDS AND DEMOGRAPHICS

1) RQ2.1 NUMBER OF STUDIES BY YEAR
The annual cumulative publication volume of the PM studies in the healthcare domain is shown in Fig. 11 . Of all the reviewed papers, 156 (90%) focused on process discovery, 53 (30%) on process conformance checking, and 21 (12%) on process enhancement. It should be noted for the figure that a publication might include more than one PM activity type. The increasing number of papers shows that PM techniques are receiving increasing attention in the healthcare domain. Considering the starting year of the publications, PM techniques in the healthcare domain have a relatively short history and have significantly increased in the last few years.
2) RQ2.2 TOP-CITED STUDIES
By this RQ we identified the top-cited papers. Fig. 12 presents the visualization of the total number of citation count of each paper in an x-y plot (on the left) and average annual citation (on the right) with respect to publication year. It should be noted that citation data was extracted from Google Scholar in November 2017 and the last year shown in the x axis was taken as 2016. Furthermore, considering that the papers published in earlier years have a greater probability of having total citations, the average number of citations was used as a more reliable indicator of the citation trend. The results showed that the average number of annual citations per paper has increased in the last few years.
Several papers [25] , [55] , [98] , [130] had a very high number of citations, placing them in the top-cited list within the pool. Among these, Mans et al. [130] applied PM techniques to a Dutch hospital data. Rebuge and Ferreira [25] proposed and validated a PM process and a tool that integrated all the process analysis steps of healthcare environments. Song et al. [98] implemented a trace clustering ProM plugin with a generic methodology that contained several clustering algorithms, such as K-means, self-organizing maps, and agglomerative clustering. The authors also demonstrated the applicability of their proposals with real process logs of hospital data. This methodology and plugin have been used in many following papers. Leemans et al. [55] presented a technique to cope with infrequent behavior and large event logs while ensuring soundness and implemented this technique, which is called Inductive Miner -infrequent (IMi), in ProM.
3) RQ2.3 MOST CONTRIBUTING RESEARCHERS
By including up to all authors of each article, we calculated the number of articles published by each author to identify the most contributing researchers. We considered most contributing researchers to be those who had published a minimum of three article in the area (Fig. 13) . Thus, 39 authors with three published articles, 68 authors with two published articles, and 262 with only one published article in this area were not included in this researchers list. The most contributing authors were found to be Maggi with 12, Van der Aalst with 11, and Fernandez-LIatas with 9 papers.
Maggi, published a paper with Bose and Van der Aalst, in which they proposed declare maps to represent complex healthcare processes and experimented with this modeling language [35] . Van der Aalst and Mans demonstrated that PM can be applied to healthcare processes by presenting the first case study that reported on the qualitative benefits of PM in the healthcare domain [130] . Together with Vanwersch, these authors also published a springer brief [8] that summarized the most important issues of PM applications in this area. The third most contributing author, Fernandez-Llatas et al. [43] proposed a new algorithm which is called PALIA to solve the problems related to the existing PM techniques and presented a tool and framework by validating the new algorithm [51] . Among the most contributing researchers, Van der Aalst, Fernandez-LIatas, Traver, and Rojas are the members of Process Mining for Healthcare Group [203] .
4) RQ2.4 MOST CONTRIBUTING COUNTRIES
We ranked the numbers of studies according to the countries of origin of the author affiliations. The authors who applied PM techniques in healthcare were from 33 different countries. As shown in Fig. 14 , the Netherlands, USA, China, Italy, Spain, and Germany were the most contributing countries. VOLUME 6, 2018 126 of the papers were written by authors from one country; for 37, the authors were from two countries, and the remaining papers were written by authors from more than two countries.
5) RQ2.5 TOP VENUES
We calculated the number of published papers in each venue to identify the top venues by type. Of the 105 venues on this list, three were a website, four were books, four were symposiums, eight were workshops, 46 were conferences, and 40 were journals. Table 9 presents the venues in which at least two papers were published. The appendix contains the complete list of venues.
VI. SUMMARY OF FINDINGS AND CHALLENGES
A. SUMMARY OF FINDINGS
This systematic mapping study sought an answer to research questions concerning various aspects of PM application in the healthcare domain. The findings related to each RQ are given below: RQ 1.1 (Research Type): Approximately 85% of the studies were of one of the two research types; validation (58%) and experience (27%), followed by 13% that proposed a new solution. Only 2% of all papers were of evaluation type. This result confirms the empirical maturity of research interest but indicates that empirical techniques are not sufficiently used for evaluation. In other words, research needs to move towards more rigorous validation approaches.
RQ 1.2 (Contribution Type):
The majority of the papers contributed a new but poorly validated method (40%), reported empirical results based on experience with methods that had previously been proposed (27%), or proposed a new analysis process (26%). This can be attributed to PM being a relatively young discipline for healthcare processes. The ratio of studies that reported only solution proposals without validation were low (14%), which is a positive observation for the quality of the reported studies. The studies that contributed a new tool, model or metric had a low rate (17%), which denotes the need for more attention.
RQ 1.3 (Application Context):
The most frequently analyzed application context was healthcare processes (61%) as an organizational process in a single department of a single hospital. There was a gap in applying PM at larger scales; e.g., in clinical pathways, multiple departments, or multiple hospitals.
RQ 1.4 (Healthcare Specialty):
Research on PM implementation was undertaken in 21 healthcare specialties, indicating that PM can be applied for a wide range of clinical datasets. Among these specialties, the most analyzed was oncology process as also reported by other secondary studies [12] , [15] . This was followed by surgery process, emergency department processes, and neurological diseases. We encountered several papers in which PM was reported to provide valuable insights from different perspectives such as organizational perspective; e.g., the behavior of doctors/nurses resource perspective [36] , [52] , [53] , [82] , [85] , [103] , [128] , [134] ; e.g., for personalized healthcare process [120] , [167] , [186] ; e.g., use of prescribed medication [97] , [133] . 
RQ 1.5 (Type of Process Mining Activity):
The crossanalysis of studies in different PM activity types with respect to contribution and research types showed that process discovery (90%) was the most frequently addressed PM activity type and that the studies including process conformance (30%), process variant analysis (30%), or process enhancement (12%) were less frequent by decreasing degrees of maturity in contribution and research types. This is understandable since process discovery is the basic activity type for other type of activities, yet the observation indicates that the field needs further studies on conformance analysis or process enhancement to improve healthcare processes. Modeling notation may differ according to the healthcare specialty. Among the reviewed papers, the most frequently used notations were heuristic net (13%), petri net (12%), and fuzzy model (10%). In terms of manual methods for healthcare process modeling, BPMN, Flowchart, and UML diagrams were addressed by 13% of the reviewed studies. Process models can also be refined manually to obtain better representations after an automatic discovery process (e.g., [11] , [144] , [152] ). To represent a healthcare process in an interactive and user-friendly manner, researchers (in 9% of the studies) also introduced new notations by proposing tools or techniques.
RQ 1.8 (Type of PM Techniques):
Below are the mostly used techniques for basic PM activities undertaken for healthcare processes:
• Heuristic miner, fuzzy miner, and alpha miner for discovery;
• LTL checker, trace alignment, and conformance checker for conformance checking;
• Simulation, declare repair, and performance analysis plugin with petri net for process enhancement; and
• Dotted chart, performance analysis with petri net, and performance sequence diagram for performance analysis. In addition to these, many new techniques have also been proposed for process discovery and conformance checking. RQ 1.9 (clustering techniques): The most common of these techniques were found to be the trace clustering plugin, k-means algorithm, and hierarchical clustering algorithm.
RQ 2 (Trends and Demographics):
The annual cumulative publication volume of PM studies showed that PM applications for healthcare processes have attracted increasing attention from researchers, particularly in the last few years. Several papers, e.g., [130] , [25] , [55] and [98] , had top citations with their methodologies having been followed by many later studies. Maggi, Van der Aalst, and FernandezLIatas were the most contributing researchers in the field and the most contributing countries were the Netherlands, USA, and China. The top visited conference was the International Conference on Business Process Management (BPM) and the top preferred journal was the Journal of Biomedical Informatics. VOLUME 6, 2018 B. CHALLENGES OBSERVED Based on the observations gathered from the studies in our pool, we identified a number of challenges related to healthcare data and PM techniques. We summarize these below.
1) HEALTHCARE DATA CHALLENGES
Of the 172 studies included in our pool, 47 studies were concerned with exploring ways of evaluating healthcare data by generating event logs, repairing event logs, eliminating noisy data, data extraction, data modeling, data integration, and data preprocessing.
Healthcare data are gathered at different levels of granularity from different data sources including hospital information systems, clinical data warehouses, real time data sources (RFID tags, RTLS), medical devices (X-ray machines), video reviews, and datasets created for financial purposes (e.g., billing data). Identifying and merging healthcare data with different characteristics from these sources are challenging tasks. In addition, event data are often incomplete and object-centric rather than process-centric, and contain outliers and events at different levels of granularity [5] . For the effective use of PM techniques in the healthcare domain, problems related to data modeling, extraction, integration, preprocessing, abstraction, visualization, and inspection need to be addressed and resolved.
Dealing with big and complex healthcare data also brings performance efficiency challenges. These can be solved with abstraction levels of time and event data, splitting event logs using clustering algorithms and sophisticated PM techniques and tools. In some studies, researchers recommended using alternative plugins [34] , [144] , [146] to solve performance problems related to healthcare data or proposed new PM techniques or tools [24] , [55] , [59] , [177] , [185] for the summarization of healthcare data to allow focusing on the main features of the diverse and big data.
In addition to the above issues, representation of complex and variable healthcare processes is expected to improve usability and understandability not only for medical experts but also for non-experts. The challenge is to hide the complex PM techniques behind user-friendly and interactive interfaces and notations, which can automatically set parameters and filters, and suggest suitable types of analysis [5] . During our mapping we encountered studies that proposed data visualization techniques including a performance summary [64] , [80] , allowed the interactive specification of a patient group through filtering [74] , [177] , [178] , [185] , and enabled comparisons between different patient populations or process models [41] , [174] . Although there were four studies [41] , [74] , [177] , [178] that developed a visual analytics tool, three involving a new modeling notation, they only reported preliminary results from the case studies they performed.
In future studies, researchers may consider using public repositories, such as gynecology data [204] and sepsis data [205] , which have already been processed and prepared for PM.
2) TECHNIQUE-RELATED CHALLENGES
There are many PM techniques available and various software vendors offer different software products for general purposes. This mapping study clearly revealed that there were many newly proposed techniques (n = 68) and tools (n = 17) specifically in the healthcare domain. This diversity is good on one side but it may create difficulties especially for potential users on the other side. There is a place for independent evidence or a comparison on the quality of these new techniques or tools. There is also a place for studies that report process discovery techniques by measuring the quality of discovery metrics (fitness, simplicity, precision, and generalization). Creating representative benchmarks for evaluating the PM techniques and tools for strengths and weaknesses remains as a challenge and will be useful, especially to guide practitioners in the pool of the various assets.
VII. CONCLUSION
PM is an emerging set of techniques applied for business process management in the healthcare domain and this study provided a descriptive analysis of the related literature by applying systematic mapping on PM studies targeted for healthcare. In the mapping study, we included 172 relevant papers and analyzed them with respect to various aspects including research and contribution type, application context and healthcare specialty, process modeling type and notation, PM techniques, and demographic and bibliometric analysis.
The mapping of included studies showed that the field is rapidly growing, and open for further research and practice. A large number of studies that reported validations of their proposals or experiences based on previous proposals indicates increasing empirical maturity of the field. Designing and conducting further studies with even stronger validation approaches will contribute to maturity of research and practice.
Many of the studies proposed methods and processes, and few introduced tool, metric and models. There was also a variety in the techniques proposed for different purposes of use such as process discovery, conformance analysis, process enhancement, and predictive monitoring. These findings highlight dynamic and emerging nature of research in the field.
There is an opportunity to propose or use PM techniques in healthcare contexts such as clinical pathways, multiple departments and multiple hospitals, in which study frequencies were observed fewer in comparison to healthcare processes in a single department or single hospital. Also, there is a need for further studies on conformance analysis or process enhancement in various contexts to better demonstrate the usefulness of PM techniques for healthcare business process management.
In addition to the body of evidence on the applicability and usefulness of PM techniques in the healthcare domain, there are also significant challenges to be addressed. The basic 24560 VOLUME 6, 2018 challenges observed during mapping are related to healthcare data, PM techniques, performance, and data visualization. We should note that many of our observations and challenges identified are in parallel with the findings reported in previous secondary research [5] , [12] , [14] , [151] , [206] . We expect that this study will be useful, as the previous ones, in making the community more aware of the need and importance for further PM studies in healthcare.
As the future work, we plan to deepen the descriptive analysis that we performed in this mapping study by conducting systematic literature reviews (SLRs), as also suggested by [9] . As an example, we are currently working on an SLR that will highlight the most beneficial and problematic PM techniques as experienced in the healthcare settings. We expect the results from such review will better reflect the advantages and the difficulties of using the PM techniques, and provide deeper insights for directing future efforts. In addition, based on the findings and challenges we have reported, PM researchers and practitioners might target future efforts on, e.g.: 1) defining comprehensive methodologies for in-depth analysis of healthcare processes for management purposes, 2) extracting and evaluating quality of healthcare process data based on the goals of PM projects, 3) developing domain-specific tools to support on-site analysis of healthcare process data by medical professionals and hospital managers, 4) developing summary dashboards which show performance indicators as measured by applying the PM techniques on healthcare processes, and 5) conducting evaluation studies of PM projects within multiple departments of multiple hospitals via healthcare process comparison or benchmarking.
